Introduction
In decision making process, there are some critical components. In most of the time, numbers of these critical components are numerous and they affect each other, so analyzing them is not easy. The efficiency of decision-making depends largely on the ability of decision-makers to analyze the complex cause and effect relationships and take productive actions based on the analysis. In complex systems, different components affect each other, and these cause and effect relations show system behavior. Cause and effect are two different concepts. Causes tell the reason why something happened, whereas effects are the results of that happening. In most of the systems, managers draw a system conceptualization graph to understand all of the system aspect. This diagram shows the cause and effect relations between system components. The information about these relations generated and enriched over time with the experience of managers who are expert in that field. There are two big challenges, at first, if there is no expert to construct the above mental model how this must be drawn and secondly, if there is a way to construct that diagram with more components, how they could be analyzed. Therefore, a new mechanism must be used to bridge these two gaps and constituted with experts in first case and cluster the components into similar categories based on their behaviors for the second one. This article organized as follows: This paper is organized as follows: section 2 states some basic concepts and definitions of Fuzzy Cognitive Map (FCM) and history of FCM Automatic construction. The proposed learning model is presented in section 3. While, section 4 presents the experimental evaluation and discussion of the achieved results and model effectiveness. Finally, Section 5 covers conclusions and future research directions.
Theoretical background

Fuzzy cognitive map
Cognitive Maps contain components and their corresponding relations, which may be positive, negative, or neutral. A cognitive Map is a directed graph that its nodes correspond to relevant concepts and the edges state the relation between these two nodes by a sign. A positive sign implies a positive relation; moreover, any increase in its source value leads to increase in its target value. A negative sign presents negative relation and any increase or decrease in its source value leads to reverse effect to its target value. In a cognitive map if there is no edge between two nodes it means that, there is no relation between them. [14, 15, 16, 17, 18, 19, 20, 21] and modeling virtual world [22] , etc. In 1988, Kosko introduced a new extension concept for Cognitive Map and named it fuzzy cognitive maps (FCM) [23, 24, 25, 26] . In a FCM, the relation between two nodes is determined by taking a value in interval [-1, 1] . While -1 corresponds to the strongest negative, +1 corresponds to strongest positive one. The other values express different levels of influence. This model can be presented by a square matrix called connection matrix. The value of relation between two nodes is set in their corresponding cell. In the connection matrix, row and column are associated with a source node and a target node, respectively. An FCM consists of nodes, Ci, i = 1…N, where N is the total number of concepts Each arc between two nodes Ci and Cj , has a weight Fij , which is the strength of the causal link between Ci and Cj . The sign of Fij indicates whether the relation between two concepts is direct or inverse. The direction of causality indicates whether the concept Ci causes the concept Cj or vice versa. Thus, there are three types of weights: Fij > 0 express positive causality, Fij < 0 express negative causality, Fij = 0 express no relation, A simple FCM with five nodes and ten weighted arcs is depicted in Fig.1 . Experts develop a FCM or a mental model manually based on their knowledge in the area under study. At first, they identify key domain issues or concepts. Secondly, they identify the causal relationships among these concepts and thirdly, they estimate causal relationships strengths. The achieved graph (FCM) shows not only the components and their relations but also the strengths. A group of experts can be utilized to improve the results. All experts are asked to determine the relevant factors in a brain storm meeting. They discuss about main characteristics of the system, for example, number and kinds of concepts and relation between nodes, which are in the FCM. Then, they determine the structure and the interconnections of the network using fuzzy conditional statements or fuzzy rules. Each expert may draw his own individual FCM, which can be different from the others. In order to deal with these diagrams, the assigned weights by each expert can be considered and a new FCM will be constructed by all experts. Thus, this constructed FCM will represent the knowledge and experience of all related experts.
[27], [28] FCMs can be produced by expert manually or generated by other source of information computationally. They named manual FCMs and automated FCMs. In Fuzzy Cognitive Maps like Cognitive Map, the influence of a concept on the others is considered as "negative", "positive" or "neutral", but all relations are expressed in fuzzy terms, e.g. very weak, weak, medium, strong and very strong. The following set of linguistic variables is also considered: In a FCM, all fuzzy variables are mapped into interval [-1, 1] . A simple way is to map fuzzy expression to numerical value in a range of [-1, 1] . For example, positively weak is mapped to 0.25, negatively medium to -0.5, positively strong to 0.75. [29] Then, all the suggested linguistic variables, are considered and an overall linguistic weight is obtained, with the defuzzification method of Centre of Gravity (COG) [30] , is transformed to a numerical weight belonging to the interval [-1, 1] . In general, the manual procedures for developing FCM have occurred, when at least there is one expert who has expertise in the area under study. In some situations, a FCM could not be constructed manually such as:
• There is no expert to define a FCM.
•
The experts' knowledge is different with each other and they draw different FCM.
There are large amount of concepts and connections between them, which could not be drawn without mistakes. The above situation shows that in many cases, to develop a FCM manually becomes very difficult and experts' intervention could not resolve the problem. Therefore, a systematic way should be found in order to bridge this gap. For example designing a new method could eliminate the existing weakness. The related knowledge can be extracted by analyzing past information about the given systems. 
Automated FCM constructin ( related works)
When the experts are not able to express their expertise or even there is no expert in the area under studied to add some expression based on her/his expertise, therefore a new way should be defined. For these reasons, the development of computational methods for learning FCM is necessary [31] . In this method, not only casual relations between nodes, but also the strength on each edge must be achieved based on historical data. The required knowledge is extracted from historical data by means and new computational procedures. Many methods for learning FCM model structure have been recently proposed. In general, these methods are categorized in two min groups:
• Hebbian algorithm • Genetic algorithm Soft computing approach such as neural networks and genetic algorithm can be used to discover appropriate knowledge from historical data in the form of a graph or a FCM. Many researches worked on these areas by investigating FCM learning methods using historical data.
Kosko proposed a new model by use of simple Differential Hebbian Learning law (DHL) in 1994, but he used this model to learning FCMs without any applications [32] . This learning process modified weights of edges existing in a FCM in order to find the desired connection matrix. In general, when the corresponding concept changes, the value of the related edges for that nodes will be modified too. Other work to train a FCM was done by Konar in 2005 . He worked on reasoning and unsupervised learning in a FCM. In this paper, a new model was introduced for unsupervised learning and reasoning on a special type of cognitive maps realized with Petri nets [40] . In 2006, Parsopoulos et al combined these two categories and published a paper about using evolutionary algorithms to train Fuzzy Cognitive Maps. In their model, they investigated a coupling of differential evolution algorithm and unsupervised Hebbian learning algorithm [29] . Our model based on Simulated Annealing and genetic algorithm is a new method to learn connection matrix rapidly. Table 1 shows a comparison between some existing methods. The table compares the methods based on several factors, such as learning goal, kind of input historical data, type of transformation function, size of FCM model, type of learning strategy and whether experts are involved in model or not. In this table Single historical data consisting of one sequence of state vectors and multiple historical data consisting of several sequences of state vectors, for different initial conditions. When initial human intervention is equal "Yes&No" it means that human interaction is necessary but later when applying the algorithm there is no human intervention needed. This study aims to provide a learning method, which avoids disadvantages of the existing methods. It uses Simulated Annealing to develop FCM connection matrix based on data consisting of one sequence of state vectors. In contrast, the approach introduced in [36] , requires a set of such sequences. The proposed method is fully automatic, i.e. in contrast to NHL and AHL methods it does not require input from a domain expert. This algorithm learns the connection matrix for a FCM that uses continuous transformation function, which is a more general problem that the one considered in [33] . The quality of RCGA algorithm [28] deteriorates with the increasing size of the maps. In general, the RCGA method achieved maps up to 6 nodes while; our algorithm is satisfied for learning FCM with nodes more than 6 with excellent quality. In next section, it shows that this algorithm is better than RCGA algorithm which proposed by Stach in learning FCM. 
Problem definition
As mentioned before, a cause-effect relation is specified by a related Connection matrix. The elements of this matrix are the values of edges in the FCM. The aim of the proposed method is to find these elements. The relations between nodes and edges are calculated as:
where ij e 's are the elements of the matrix and f is a transform function which includes recurring relation on t >=0 between C(t + 1) and C(t) that can be presented by a logistic function like: Fig.3 shows the outline of the proposed method: 
Fig. 3. the diagram of new model
The proposed learning model uses simulated annealing is used to escape the local minimum solution and to improve the optimum solution. The following sections provide details about simulated annealing and compare it with GA. It assumed that readers are familiar with GA and SA. A useful summary about relevant GA and SA can be found in [41, 42, 43] . Also, it is tried to demonstrate all essential elements of propose method, including structure of solution coding (chromosomes), generation of initial solution, initial temperature, fitness function, stopping condition, genetic operators in GA, Neighboring solutions in SA, and selection strategy.
A proposed SA method for learning FCM
In this section, SA algorithm for learning FCM is introduced. Simulated annealing is an algorithm for discrete optimization backs to the early 1980s. It was originally developed as a simulation model for a physical annealing process and hence it is referred to as simulated annealing. In simulated annealing, a problem starts at an initial solution, and a series of moves (i.e., changing the values of decision variables) are made according to a user-define annealing schedule. It terminates, when either the optimal solution is attained or the problem becomes frozen at a local optimum that cannot be improved. To avoid freezing at a local optimum, the algorithm moves slowly (with respect to the objective value) through the solution space. This controlled improvement of the objective value is accomplished by accepting non-improving moves with a certain probability that decrease as the algorithm progresses. Important parts of the simulated annealing algorithm for learning FCM are explained as follows: 
Fitness function
As mentioned before, the total difference between real and estimated outputs for all nodes is defined in Eq(7). This error can be used as the core of fitness function.
Fitness function= Argument of this function is the summed error rate, and thus needs to be inversed.
•
To embed non-linearity that aims to reward solution code, which are closer to the desired solution.
The following function h was proposed:
where parameter a is established experimentally. The fitness function is normalized to the (0, 1] where It is zero for worse case or it is equal to one for an ideal chromosome, which results is exactly the same state vector sequence as the input data. The mathematical modeling of this problem is presented here:
Initial solution
An initial solution is a starting solution (point) that will be used in the search process and considered as a random solution. In this research, the initial solution generates randomly. Initial temperature and cooling schedule An initial temperature 0 T and a cooling schedule ( α ) are used to control the series of moves in the SA search process. In general, the initial temperature should be high enough to allow all candidate solutions to be accepted. Cooling schedule ( α ) is the rate at which temperature is reduced. In this paper, a classical schedule is represented in figure (5).
Starting from T0, the temperature is decreased through multiplication by a fixed factor ( α ) ( 1 0 < < α ). 
Computational results
In our experiment, the problem data were used to construct FCM by using SA on a PC Pentium IV, 1.6 GHz. The meta-heuristic algorithms were developed using Visual Basic 6. Two algorithms, the genetic algorithm which used by the others and Simulated Annealing ran with mentioned data and the Error and time consuming saved. Table 2 shows the essential parameters for these algorithms. The aim of the experiments is to assess quality of the proposed method for learning FCMs. Two algorithms, the genetic algorithm, Simulated Annealing ran with different Node numbers: 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15 The results of these experiments show that these algorithms gradually converge into a highquality candidate FCM. Two examples of FCM learning experiments based on GA and SA are plotted in . compares the time consuming with GA and SA algorithms. This figure shows that simulated annealing algorithm, as a learning algorithm for FCM is faster than genetic algorithms in the same problem. Therefore, The SA algorithm found related solutions in less computational times than GA. In these two algorithms, the error of GA in FCM with little Node is less that Simulated annealing. However, in FCM with more nodes the error of SA as a new learning algorithm is less that GA. Considering the results of Tables (3) shows that the presented metaheuristic algorithms are able to find and report the near-optimal and promising solutions in a reasonable computational time. This indicates the success of the proposed method in learning FCM. In general, we can conclude that the SA algorithm meanly found better solutions than GA in less computational times for nodes more than 10. 
Conclusion
In this paper, we have developed a new method for learning FCMs by SA algorithm. It has been shown that SA not only can improve the speed of learning process, but also can improve the quality of learning FCMs with nodes more than 10. The quality of learning method based on GA deteriorates with the increasing size of the maps but SA over comes this difficulty and when the size of maps increase the GA algorithms replaced with SA algorithms. According to these properties, a new method proposed. The results show this new method is very effective, and generates FCM models that can almost perfectly represent the input data. In general, the proposed method achieves excellent quality for maps in every size of FCM. The produced results could provide some guidelines for other learning methods. The future work will concern on the improvement of the proposed learning method. One of interesting and open issues is using the other heuristic methods for learning FCMs and comparing them with the others. 
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